Modern distributed water-aware technologies (including, for example, greywater recycling and rainwater harvesting) enable water reuse at the scale of household or neighbourhood. Nevertheless, even though these technologies are, in some cases, economically advantageous, they have a significant handicap compared to the centralized urban water management options: it is not easy to estimate a priori the extent and the rate of the technology spread. This disadvantage is amplified in the case of additional uncertainty due to expansion of an urban area. This overall incertitude is one of the basic reasons the stakeholders involved in urban water are sceptical about the distributed technologies, even in the cases where these appear to have lower cost. In this study, we suggest a methodology that attempts to cope with this uncertainty by coupling a cellular automata (CA) and a system dynamics (SD) model. The CA model is used to create scenarios of urban expansion including the suitability of installing water-aware technologies for each new urban area. Then, the SD model is used to estimate the adoption rate of the technologies. Various scenarios based on different economic conditions and water prices are assessed. The suggested methodology is applied to an urban area in Attica, Greece.
INTRODUCTION
Water scarcity is one of the most serious modern-day problems with a continuously growing list of affected regions. method to estimate the evolution of demand due to the expansion of an urban area, they employed a rather oversimplified approach to estimate the installation of distributed water-aware technologies: they assumed a constant (unjustified) adoption rate.
In this study, we try to remedy this weak point by linking the urban water cycle and CA model used by Bouziotas et al.
() with a custom-built system dynamics (SD) model. SD models have been recently used successfully to study urban water supply security (Chang et al. ) . On the other hand, CA alone or combined with SD models have been successfully applied for studying exclusively land-use scenario dynamics (Chunyang et al. ; Haase & Schwarz ; Han et al. ) . However, the coupling of CA and SD models has not been applied so far to study thoroughly the urban water demand, taking into account both the landuse and the socio-economic dynamics.
METHODS

CA model
The CA model used in this study is described in the publication of Bouziotas et al. () . This model supports an arbitrary number of cell states. Each state can be associated with different urban properties. This multi-state approach allows for a more detailed spatial (raster) representation of the urbanization process. The state of each cell of the raster representation can change (following predefined rules) either because of urban expansion or because of urban intensification. Another novelty of this model is that it employs two parameters to estimate the probability of a CA cell to change from one state to another.
These two parameters are the suitability factor, which is related to the desirability for urbanization, and the velocity factor, which denotes the intensity with which the rules are applied. there is a negative feedback relationship that controls the evolution of the process. This is displayed in Figure 1 with the loop between the stock 'Potential Adopters' and the flow 'Adoption Rate', of which loop the two branches are marked with ' þ ' and '-', respectively. The second loop (fashion) is a self-reinforcing loop, in which both relationships act on the same direction resulting in a slow start with gradual acceleration. This is displayed in Figure 1 with the loop between the flow 'Adoption Rate' and the stock 'WSS Adopters', of which loop both branches are marked with ' þ '.
Regarding the saturation of the market, the first relationship of this loop corresponds to the positive link between the 'Potential Adopters' and 'Adoption Rate', i.e. the more available households to consider the installation of a scheme, the greater the maximum possible installation rate (inversely, if no household remains to consider the installation, then the installation rate will be zero). The second relationship represents the reduction of the available households that have installed WSS and the rate of the installation (the more people that have installed it, the more people that will imitate). In this study, we assumed that the word-ofmouth does not apply to the rejection of technology installation because rejection is essentially no different from the status quo and, hence, it has nothing to do with imitating a new practice. However, it should be noted that other studies assume that the non-innovators are more likely to copy rejec-
tion (Mooy et al. ).
The simulation time step is one year. The mathematical formulas of the loops described previously are given below.
The flow 'Adoption Rate' (both because of innovation and imitation) is calculated by the following equations:
The stock 'WSS Adopters' is calculated by the following equation:
The flow 'Rejection Rate' is calculated by the following equation:
The stock 'BAU' is calculated by the following equation:
The stock 'Potential Adopters' is calculated by the following equation:
At the end of each iteration, the probability a household has not considered technology installation (required in Equation (1)) is calculated by the equation:
where: i, the simulation step; im i , the number of WSSs installed at i because of imitation; q, the rate of adoption imitation (year À1 ); iv i , the number of WSSs installed at i because of innovation; p, the rate of adoption innovation (year À1 ); ad i , the number of households that have adopted WSS up to time step i; dt, the time step (year); Mad, see Equation (12); iv0 i , the number of households rejected to install WSS at time step i; ρ, the rate of rejection innovation (year À1 ); rej i , the number of households that have rejected WSS up to time step i; P i , the probability a household has not considered WSS installation at i; pot 0 , initial population of conventional households; pot i , the number of households that up to i have not considered WSS installation.
The two innovation parameters (p and ρ) reflect the attitude of a specific society under specific socio-economic conditions towards a specific technology. Consequently, a survey is required to estimate them (calibration may be required to reproduce the survey findings, e.g. the willingness to install a technology).
On the other hand, the imitation coefficient (q) stems from a basic characteristic of the social nature of human beings. Therefore, it is assumed that this coefficient will not depend on socio-economic conditions and, for this reason, can be obtained from the literature.
The price of water ('Tariff' in Figure 1 ) is an exogenous variable that represents the single most effective policy used to control the water demand. The influence of this policy is estimated with the following formula:
where Fng is the relative change of a scheme's adoption rate caused by a tariff change, Mtr is the relative change of waterprice, and α is a parameter.
As far as concerns the economic conditions, a simplified version of the formula suggested by Carroll et al. () that links the consumer price index with consumption is used.
Here, it is assumed that the change of consumption this formula forecasts can be applied directly to the increase of water-saving technologies installation rate. According to Carroll et al. () :
where C t is the consumption at the time step t and S t-i is the CONSSENT index at the time step t-i. For simplification, it CONSSENT changing from S 0 to S then Equation (9) becomes:
Combining Equations (8) and (11), the total influence of the two exogenous variables on the dynamics of the system is derived:
It should be noted that the previous equations are for simulating the adoption of only one water-saving option.
If more water-saving options are to be studied, then the corresponding imitation and innovation equations should be added and Equation (3) should be modified accordingly.
CASE STUDY
The studied area was the Artemis district of Attica prefecture, 
Model parameters
The parameter p was set equal to the median of the values reported in Table 1 of the Bass () study, whereas ρ was calibrated to have SD model reproduce the 15.4% adoption ratio (it takes 10 years for the 15.4% to be reached and, after that, adoption rates are almost zero).
As mentioned earlier, the parameter q (the rate of adoption imitation) is derived as the average of the q values appearing in Table 1 of Bass ().
The parameter α of Equation (8) The parameter β is estimated using the following technique. The derivative of Equation (11) is β exp(β (S-S 0 )).
Since Cng, and consequently exp(β (S-S 0 )), is expected to be close to 1 (the change of consumption ranges from À10
to 10% according to Figure 1 in Carroll et al. () , which means Cng is expected to range between 0.9 and 1.1), it can be derived that:
RESULTS AND DISCUSSION
The evolution of the water demand of the Artemis district for the period between 2010 and 2020, taking into account the urban expansion, as it is forecasted by the CA model, and for the adoption rate of the WSS that the SD model estimated for various socio-economic scenarios, is shown in Figure 2 .
According to this figure, with no intervention, there is a linear water demand increase that follows the urban expansion resulting in 20.1% more water required at the end of the studied period (capacity constraint is surpassed in the third year of the simulation). If a water-saving campaign is applied, and with constant CONSSENT and tariff, the water demand at the end of simulation drops from 20.1%
to 10.4%. With CONSSENT ranging from the historically low to the historically high, the demand increase ranges from 9.2 to 11.2%. Consequently, the campaign alone, even with favourable economic conditions, does not suffice to keep water demand increase below the upper limit of 5%.
The next intervention to be examined is the water price (along with the campaign). From Figure 2 it is inferred that, if the water price doubles (instantaneously at the beginning of the examined period), the water demand is expected, despite the urban expansion, to decrease by 13.4% Regarding the cost analysis of the WSS, according to a recent study (Kaparos ) , the cost of installing a rainwater harvesting scheme is 1,409 Euros and the operational cost is 65 Euros per year (DMTP ). The cost of installing low consumption appliances is 269 Euros. Therefore, the acquisition cost (supply and installation labour) of the WSS is 1,678 Euros. When it comes to investments, the payback period is an important index. In the studied area, during the period the acceptability survey was carried out ( Table 1 . Consequently, an increase of water price by 128% along with the water-saving campaign is quite a safe choice to ensure the smooth operation of the water supply system for the next 10 years.
CONCLUSIONS
The principal objective of this study was to suggest a methodology that could help render distributed water-aware technologies a more trusted choice when a decision is about to be made regarding a foreseen capacity exceedance of the water supply system. Specifically, it is suggested at the first stage to use a CA model to produce scenarios of urban expansion. Subsequently, these scenarios should be fed into an SD model to study the adoption rate of the water-aware technologies. To take into account the influence of the macro-economic conditions, the SD model developed in this study uses as exogenous variable the CONSSENT index. In case the SD model indicates that the normal adoption rate will not be sufficient to deter capacity exceedance, a water price policy can be examined by the SD model (tariff is another exogenous variable). The SD model is capable of preparing a chart of water price vs. forecasted demand from which the stakeholder could identify the minimum water price increase that would guarantee the adoption of the water-saving technologies from an adequate number of households to ensure no capacity exceedance.
The SD model also offers the option to perform a sensitivity analysis. This analysis, along with the perceived reliability of the data used in each specific case study, can indicate the most critical parameters of which the values deserve a closer look. Then, alternative simulations can be performed with adverse values for these parameters to obtain a conservative water price policy that could minimize the risk of exceeding the water supply system capacity.
The methodology of this study is generic and could be applied to arbitrary locations, provided a proper calibration of the SD model parameters. The required data include surveys regarding the public attitude towards water-aware technologies plus water consumption vs. water price records.
Finally, it should be noted that the methodology described here did not take into account restrictions stemming from socio-economic factors. For example, the water price in Athens, Greece, between 1990 and 1992 almost tripled without any serious protests, probably because of the very low water price compared to the average income (as well as the sense of risk resulting from the then-imminent drought (Koutiva & Makropoulos ) ). In fact, even after the price increased, there were instances where even lowclass household owners (eyewitness memory) kept using water to wash their balconies, despite both constant awareness raising campaigns and new higher prices (possibly due to deeply engrained cultural norms (Koutiva et al. ) ). On the other hand, there exist cases where water price increase led to civil unrest due to affordability challenges faced by the poorest parts of society (e.g. Maldonado, Uruguay). As such, it is suggested that additional considerations and factors should be taken into account as constraints in real world applications of the model, to ensure that simulated water price increases do not endanger the affordability of water services, especially for the poorest parts of society.
